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Heart failure is a complex, complicated disease that is not yet fully understood. We used the Module Map algorithm to uncover groups of genes that have a similar pattern of expression under various conditions of heart stress. These groups of genes are called modules and may serve as computational predictions of biological pathways for the various clinical situations. The Module Map algorithm allows a large-scale analysis of genes expressed. We applied this algorithm to 700 different mouse experiments downloaded from the Gene Expression Omnibus database, which identified 884 modules. The analysis reconstructed partially known principles that play a role in governing the response of heart to stress, thus demonstrating the strength of the method. We have shown a role of genes related to the immune system in conditions of heart remodeling and failure. We have also shown changes in the expression of genes involved with energy metabolism and changes in the expression of contractile proteins of the heart following myocardial infarction. When focusing on another module we noted a new correlation between genes related to osteogenesis and heart failure, including Runx2 and Ahsg, whose role in heart failure was unknown so far. Despite a lack of prior biological knowledge, the Module Map algorithm has reconstructed known pathways, which demonstrates the strength of this new method for analyzing gene profiles related to clinical phenomenon. The method and the analysis presented are a new avenue to uncover the correlation of clinical conditions to the molecular level.
heart; microarray; gene expression; myocardial infarction HEART FAILURE IS A PREVALENT life-threatening condition, yet the underlying pathophysiological processes are not completely understood. In patients suffering from ischemic heart disease, cardiomyopathy occurs due to necrosis of cardiomyocytes that do not regenerate and are replaced by fibroblasts that form a noncontractile scar tissue, leading to regional contractile dysfunction. If the dysfunctional area is large enough, it may impact the contractile ability of the entire heart, which leads to heart failure (5) . Heart failure is a common disease in the US, with five million patients and 500,000 newly diagnosed each year. Approximately 1% of the population older than 65 yr suffers from heart failure, which may reach an incidence of 1 yr mortality as high as 45% in some clinical subtypes (45) . Understanding the molecular processes that underlie the clinical conditions is a prerequisite for future treatments improving cardiomyocyte function. To focus treatment on specific genes, proteins, and pathways, further research that will characterize their behavior in various clinical conditions is necessary.
To better understand the heart response to stress, we used a bioinformatic approach to identify groups of genes that are expressed together under certain conditions. Coexpression of genes can indicate that the groups of genes share a common function or that they are related to a common physiological condition. The identified groups of genes can also share transcriptional regulation principles and thus highlight novel pathways and regulators related to heart stress. The identified groups of genes are called modules and can tentatively point out previously unknown genes that play a role in biological processes. However, identifying modules is not trivial and requires the use of specialized bioinformatic algorithms. There are several algorithms for discovering modules, which have been used to process information obtained from yeast (40, 74, 90) and humans (73) . In a manner similar to the evolutionary conservation of genes, modules have been discovered to be conserved in multiple distant organisms including Saccharomyces cerevisiae, Caenorhabditis elegans, Escherichia coli, Arabidopsis thaliana, Drosophila melanogaster, and Homo sapiens (9, 55, 86) . Some of the computational predictions generated by these experiments have been verified at the experimental level, mainly by PCR analyses (40, 74, 86) .
Regarding heart failure, there are small-scale bioinformatic studies aimed at analyzing gene expression in the heart and only a few larger-scale experiments. One such large-scale experiment used 230 series from the GEO (Gene Expression Omnibus) (35) and identified 57 modules (called biclusters). However, the biological implications of the modules identified were not discussed, thus weakening the value of the analysis. Other studies reviewed the common biological trends present in multiple articles, either by a textual review of the different articles (76) or by computationally combining the different datasets and analyzing them together (8) . In these studies, the data sets were combined for further analysis, but this was only done on a small scale, with no more than a few tens of samples in total in each paper.
In the current study, we used the Module Map algorithm to perform a large-scale characterization of the mouse cardiac tissue under multiple conditions, and we discuss some of the biological implications. This algorithm was previously used to analyze human cancer samples (73) and is suitable for processing information on mammalian transcriptomes. Simple clustering algorithms attempt to detect groups of genes, where these genes are expressed in a similar manner in all samples. Such algorithms would fail in our case, since the chance of consistent expression across all samples decreases with the number of samples examined. Biclustering algorithms, like Module Map, attempt to find groups of genes which are expressed in a consistent manner in a group of samples. This is a task much more likely to succeed ( Supplementary Fig. S1 1 ). Searching for modules (biclusters) using all possible starting points is computationally impossible (91) , so this algorithm uses a starting point of a group of defined gene sets whose definition is based on known biological properties (see MATERIALS AND METHODS). These initial gene sets are expanded by the algorithm to include unrelated and unknown genes. In addition, the Module Map algorithm searches for clinical attributes that are enriched, allowing us not only to discover groups of similarly expressed genes, but to link clinical attributes to biological pathways. Thus, the Module Map algorithm appears to be the optimal choice for our analysis.
The current analysis is the largest study ever performed on the heart and included 700 microarray samples and 10,978 gene sets, resulting in hundreds of modules describing the response of the mouse cardiac tissue to varied biological conditions. The computational results presented here identified biological processes without having prior knowledge of the behavior of the heart under the specific conditions analyzed. The results presented in this study point out the involvement of the immune system in heart remodeling and failure after conditions such as pressure-induced overload. We also highlighted changes in the energy metabolism and in the contractile proteins of the heart, changes that were known in the literature. The changes demonstrated the existence of two trends of expression in the contractile proteins, trends that behaved in an opposite manner. Thus, we have shown that the Module Map algorithm is able to validate main pathophysiological findings in heart failure that are reported in the literature, which can increase the readers' confidence in this complex bioinformatic approach. In addition, we identified a new correlation between two biological pathways related to osteogenesis and to heart failure. Exploring the possible connection between these pathways pointed out two genes, Runx2 and Ahsg, whose role in heart failure was previously unknown.
MATERIALS AND METHODS
Gene expression data.
A series is a group of microarray samples that are biologically similar and whose expression was assessed in the same experiment. Thirty-eight series of mouse expression arrays were retrieved from the GEO database (7), for a total of 700 samples that were summarized in 26 previously published articles. These samples represent all experiments on the mouse heart publicly available in the GEO as of November 2006. For the purpose of this study, we unified series that were separate in the GEO, if they were originally performed by the same lab, using the same control samples (see Supplementary Table S1 ). Each series was processed and prepared individually as follows: 1) Probe sets (PS) were retained if their expression value was Ͼ32 and if they were marked present by Affymetrix MAS algorithm (if used) in at least 5% of the samples in the series. PS with only some of the samples lower than this value had the expression value in these samples floored to 32. It is necessary to filter and floor MAS5 expression values to remove noise and achieve an accurate picture of gene expression changes (65) . This previously published article used the Absent/Present detection calls of the Affymetrix algorithm to filter gene expression. Since not all samples used in our analysis had the detection calls, a threshold value of 32 was determined empirically on a small subset of samples with detection calls and then used for all samples. The expression value of retained PS was log-transformed using base 2. PS were then assigned to genes (identified by Entrez Gene IDs) using the Affymetrix annotations, released on 15 November 2006. PS that matched no genes or matched more then one gene were omitted from the analysis. 2) We filtered the data to remove genes with "noise," defined as large differences of expression levels between their PS. Genes that had half or more of their PS removed due to "noisiness" were not included in the analysis of this series. 3) Gene expression values were transformed into log-space, by taking log2 of their PS expression values (averaging multiple probes in genes with more than one probe). The log-space expression value of genes in each sample was normalized relative to the median expression in all samples in the same series, by subtracting its median in that series from each of its expression value measurements. After this normalization, the median value of each gene, in each series, is zero. 4) All the processed series were unified horizontally into one matrix based on Gene IDs. Genes that were present in Ͻ36 samples (Ͻ5% out of the total 700 samples) were omitted from the final analysis. A total of 18,677 genes passed all filtering steps and were used in our analysis.
Gene sets. A gene set is a group of genes that share a common property, such as expression in a specific tissue, being a similar type of enzyme, or being involved in a specific process. A total of 10,978 gene sets describing the properties of 23,158 genes, of which 15,583 were expressed in the data processed, were compiled from the following sources: 3,451 gene sets from all three branches of the Gene Ontology (4), 2,735 gene sets based on the mouse Gene Expression Database describing expression in the mouse embryo (80), 184 gene sets from the Kyoto Encyclopedia of Genes and Genomes (48), 2,810 gene sets from the MGI Mammalian Phenotype database (79), 1,460 gene sets based on motif-containing genes as presented by Xie et al. (97) , 217 gene sets based on calculated targets of miRNA, as present in the miRNAMap database release 1.0 (one gene set per miRNA sequence, where we removed target genes below the 40th percentile in either minimum free energy score or miR score) (38) , and 122 tissue-specific gene sets (one set was defined for each sample in this experiment by taking all genes above absolute expression of 600 and removing genes whose absolute expression was above 600 in Ͼ60 of the 122 samples) (87) . All data were downloaded on February 2007, except for the miRNAMap data, which were released on July 2005. When processing all these gene sets with Genomica ("Creating Modules"), we ignored sets containing Ͼ1,000 genes or Ͻ3 (out of genes expressed in the tested samples). Gene sets with Ͼ1,000 genes are usually so general as to be biologically irrelevant (for example: protein located in the cytoplasm), and their large size leads to extremely high significance of enrichment, obscuring more focused and relevant data. Gene sets with Ͻ3 genes are too biologically focused, usually have no statistical significance, and needlessly complicate the statistical space the algorithm works in. Using such small gene sets would have caused a massive increase in the amount of time necessary to run the algorithm, without noticeably changing the results.
Sample attributes. To describe the properties of the 700 samples, we used 364 sample attributes, based on the design of the original experiments, using the distinctions made in each original article. Sample attributes can be considered analogous to gene sets, defining groups of samples that share a property instead of groups of genes. Example attributes included: myocardial infarction (MI), MI infarcted region, age, gene knockout. Each series was normalized relative to its own median, and the control samples are unique to each series. Control animals in each series were marked with an attribute of their own. When the response to treatment in a series is present in all treated tissues in the same direction, the treated samples will be highly expressed and the control samples will be expressed at a low level (or vice versa). Because of our normalization, a reaction to treatment that was observed with a similar pattern but not with the same intensity in all experimental samples can be more clearly seen when observing the relative change of the gene expression in the control sample. Such change in the control samples indicates the opposite trend in the noncontrol samples. In some cases, when treatment was tested at two time points, at two dosages, or under two different treatments, it is likely that the response to treatment will not be at the same intensity, even if it is in the same direction. In such cases it becomes more important to look at the expression of the control and observe the relative change in those samples.
Creating modules. To create modules of genes, we applied the Module Map algorithm (73) , as implemented in the program Genomica (http://genomica.weizmann.ac.il, version 2.071206). This algorithm searched for samples that contain gene sets whose expression is significantly induced or repressed relative to the median. Induced or repressed are defined as having a normalized expression value Ͼ1 or ϽϪ1 (i.e., raw data were at least twice as large as the median or half as small). For each gene set and each sample, the fraction of genes induced or repressed in this gene set for this sample was calculated. The significance of this fraction was calculated using the hypergeometric distribution (92) and corrected with a false discovery rate (FDR) of 5% (85). Each gene set was then associated with an expression fraction -a vector (indexed by samples), where each value is the fraction of genes from this gene set induced or repressed in the appropriate sample. Repressed genes were represented with a negative fraction; induced genes were represented by a positive fraction. The fraction was set to zero if not significant.
Gene sets were clustered based on similarity in their expression fractions (significant induction or repression as calculated before). Each cluster of gene sets had a virtual gene set defined as a union of all gene sets in the cluster. Then, each individual gene in this virtual gene set was separately tested for consistency of direction: is the individual gene induced or repressed in a statistically significant manner in the samples in which this virtual gene set was significantly repressed or induced? A module was created out of the significantly consistent genes, when correcting for multiple testing with FDR of 5%. For each module and each attribute, the fraction of samples belonging to this sample attribute that was induced or repressed in this module was tested for significance, by hypergeometric distribution. Significant attributes were noted as candidates for further analysis and discussion.
The algorithm may be repeated more than once, when each new iteration treats the previously identified modules as existing gene sets and starts over (Fig. 1C) . To select the optimal number of iterations, we repeated the algorithm 1-4 times and observed the following: The number of modules decreased sharply with one and two iterations (1,430 & 884 modules, respectively) but then decreased in a much more gradual manner with three and four iterations (742 and 724 modules, respectively). The distribution of attributes in the modules with the different number of iterations remained constant (Supplementary Table S2 ). Based on these observations, we decided to analyze the 884 modules created after two iterations.
RESULTS
In this study we analyzed expression profiles compiled from 38 series (each comprising biologically related samples from the same experiment, see Supplementary Table S1 ), measuring the expression of 18,677 mouse genes in 700 samples spanning 10 clinical categories (Fig. 1A) . To analyze the 10,978 gene sets (Fig. 1B) we applied the Module Map algorithm (73) . This algorithm organizes genes into higher-level modules and identifies attributes (Fig. 1, C and D) , representing clinical conditions, in which different modules are induced or repressed. The application of this algorithm resulted in 884 modules.
Next, we focused on 266 modules whose genes were differentially expressed in clinical conditions related to MI and pressure-induced overload, conditions that lead eventually to hypertrophy and heart failure (17, 21, 22). The modules relevant to these clinical conditions demonstrated common changes in biological properties such as metabolism of energy and contractile proteins, described below. The relationship between these modules and clinical conditions is shown in Fig. 2 in a matrix form, where each row represents a module, each column represents a sample attribute, and each individual cell represents a module-attribute combination. A positive value indicates that samples with the attribute (the column) were induced in the module (the row), and the value represents the percentage of the induced samples out of all samples in this module-attribute combination. Similarly, a negative value represents the percentage of samples repressed. The color of each cell represents the percentage of its samples that were induced or repressed, where red indicates induced and green indicates repressed. We created a concise label for each module that describes the biological functions of the gene sets associated with it. These labels may be shared between modules, when they have a common biological function, such as fat and energy metabolism (Fig. 3) . The rows in the matrix were then grouped by this concise label, which is shown in Fig. 2 in colored bars.
This matrix allows an overview of the clinical conditions and the pathways activated in them that can provide biological insights even without looking at the specific genes in these modules. For example, the modules whose expression changed in the attribute of Embryonic Atria generally, but not always, change in the opposite direction from the changes portrayed in the attribute (column) of Embryonic Ventricles. Such expression makes sense, since the attributes Embryonic Atria and Embryonic Ventricles are opposites; samples marked with the attribute Embryonic Atria were negative for the attribute of Embryonic Ventricles and vice versa. The modules that were induced and repressed in stressed and failing hearts were related to biological functions including angiogenesis, proteolysis, cell cycle, extracellular matrix (ECM) deposition and remodeling, immune reactions, heart, skeletal, nervous and reproductive system development (Fig. 2) . This figure demonstrates a similarity between gene expression patterns of the modules representing MI, banding, and other situations leading to heart stress and failure. The existence of modules with similar pattern of gene expression indicates a common biology between these clinical conditions.
Energy metabolism. To explore the energy metabolism of the heart under stress we selected a subset of 13 modules, labeled by various aspects of metabolism and energy in a significant manner. These metabolic aspects were represented by multiple gene sets including fat tissue (P Ͻ 1E-12), gluconeogenesis and glucose metabolism (P Ͻ 1E-9), and lipid metabolism (P Ͻ E-10). The results for this subset of modules are shown in Fig. 3A . We can see that modules related to fat metabolism were induced in the embryonic atria and were repressed in the embryonic ventricles. We also see that modules related to metabolism of energy substrates (fat, glucose, and glycogen) were repressed in the infarcted region, and many of these modules were induced in the general attributes of MI, left ventricle of MI, and banding.
Contractile elements. Heart failure is characterized by many changes in gene expression and protein level, including contractile proteins (5, 21, 59, 67) . We further examined in detail a group of 14 modules labeled with cytoskeletal components (P Ͻ 1E-8 in all but one module) and contractile elements (P Ͻ 1E-7). In Fig. 3B , two trends can be observed: The first trend involves a group of modules (lower part of Fig. 3B ) that were induced in MI, banding, and CSQ transgenic animals and that were neither induced nor repressed in the infarcted region in the recent MI. The second trend that can be seen in this figure involves a group of modules (appearing in the upper part of Fig. 3B ) that were repressed in MI infarcted region at shortterm time points (1 wk and 48 h). This group of modules was not noticeably repressed or induced in other conditions of heart stress such as banding or CSQ transgenic animals.
Module 519 (Fig. 3B , yellow rectangle) seems unusual; out of all the modules containing contractile elements in Fig. 3B whose expression changed 48 h after MI, this is the only module that was induced (P ϭ 4E-05). This module is enriched for cytoskeletal and contractile elements with high significance (P value 5E-96 and 1E-30, respectively). The enrichments indicate that this module represents contractile elements, which we would expect to be repressed during the death of cardiac cells. This contradiction can be resolved when reviewing the genes. Module 519 has at least two groups of genes: one group consists of genes that were induced in the infarcted region after MI, while the other group consists of genes that were repressed in this region (Fig. 4) . In effect, module 519 represents by itself a mixture of the same two trends of gene expression that are illustrated in Fig. 3B ; it includes genes induced in the infarcted region and genes repressed in the infracted region.
Heart stress and matrix formation (module 29). Figure 2 shows several modules that were labeled with tissues and functions that do not seem related to the heart response, such as skeletal development and reproductive system development. To explain this observation, we focused on a specific module, module 29. We discuss below the genes expressed in this module and explore what role they may have in the cardiac response to MI. Module 29 is induced in samples that have the attributes of (short-term) MI, banding, and Hras (activation of ERK) (P values of 8.82E-9, 1.31E-8, and 3.21E-5, respectively). It is repressed in samples with the attribute of Tamoxifen nontransgenic controls (P ϭ 0.0001). The repression in these control samples is equivalent to induction in activation of all three MAP kinases, apparently more in ERK. The expression patterns in this module and representative gene sets are presented in Fig. 5 . The gene sets enriched in module 29 indicate that this module is related to osteogenesis and skeleton formation. The naïve interpretation would be that the heart develops bone-like properties following MI. This conclusion borders on the ridiculous and calls for more investigation, which is present in the DISCUSSION.
DISCUSSION
The results show a similarity in gene expression pattern between MI, banding (representing pressure-induced overload), and other situations leading to heart stress and failure. This suggests a similarity in response, a theory that is supported by the literature, since cardiac hypertrophy and failure follow similar pathways, regardless of the source of the stress (5). Modules enriched in genes related to the immune system were induced in both banding and MI and were repressed in the control samples of TNF-␣ transgenic animals. Such results may indicate a contamination with immune cells in the transcriptome analysis. However, it is unlikely, since the modules enriched for immune-related genes were induced in a specific manner in MI and banding and were not induced in other clinical conditions (Fig. 2) . It is recognized in the literature that immune cells are responsible for the clearance of necrotic cells after MI (17, 25) , which directly explains the appearance of immune-related genes in MI. However, the presence of an immune reaction in banding (pressure-induced overload) points to a possible role of the immune cells in ECM remodeling and in the response of the non-infarcted heart tissue to stress. The involvement of immune cells in remodeling is supported by the literature and has been reviewed in previously published studies (18, 47, 98) .
Out of the 266 modules presented in Fig. 2 , we focused in detail on two groups of modules that are related to energy metabolism and to the expression of contractile proteins. We later summarize module 29, which revealed a possible connection between the biological pathways of osteogenesis and heart failure, connections that were reviewed in detail.
Energy metabolism. Our results related to energy metabolism (Fig. 3A) indicate that energy sources are utilized in a different manner in embryonic atria and ventricles, with the atria possibly relying more on fat metabolism. Our results also suggest a global decrease in the metabolism of energy in the infarcted tissue after MI, regardless of the source of the energy.
When reviewing the literature, we noted that the normal heart after birth relies mainly on oxidation of fatty acids, while the embryonic heart relies on glycolysis. The contractile performance of the heart is affected by the choice of substrate that serves as an energy source: glucose or fatty acids (83) . The energy metabolism in the ventricles is different from the energy metabolism in the atrias both in times of ordinary heart functions and in times of stress. However, the differences between them at rest are not identical to the differences in stressful times (50) , indicating the ventricles react to stress differently from the atria. These known differences between the atria and the ventricles might indicate a different maturational process, which can explain the different expression pattern seen between them. It is known that at times of stress, for example chronic MI and pressure overload, the heart shifts This figure details the changes in fat metabolism (A) present in MI and pressure-induced overload and the changes in contractile proteins (B) present during MI and heart development. The yellow rectangle indicates module 519. As in Fig. 2 , each cell represents the percentage of samples that were induced (red) or repressed (green) samples out of all samples belonging to one specific module-attribute combination. Color intensity corresponds to the size of the percentage, and a color bar is present. The numbers to the right of the figure are the number of the module in our analysis, with a concise biological label for each module.
to a fetal-like expression profile. This shift changes the expression of metabolism-related genes (67) and is a possible explanation for the correlation seen in our results between the embryonic atria and the MI. This metabolic shift can also serve to explain the changes in metabolism seen after MI and pressure-induced overload. One caveat that should be made is that modules 130, 113, and 334 were labeled in the same manner (lipid metabolic process), but these modules did not behave with the same manner of gene induction or repression. This indicates the complexity of the biological response and the need to review the specific list of genes in each module (see next section for an example of such a review).
The results presented in Fig. 3A show modules 321, 532, 322 and 130, which are repressed in the MI 48 h infarcted region, which does not match the generally known response to MI (an increase in metabolism). This apparent contradiction between our results and the literature can be resolved by remembering that previous works focused on the response in advanced (longer term) heart failure, but that most of the cardiac cells that have died as a result of MI have not yet been replaced 48 h after MI (17) . The death of most of these cardiac cells is expected to lower metabolic rates of fat and glucose in the short-term time point.
In summary, the computational analysis confirmed both the difference between the metabolism of the atria and the metabolism of the ventricles, and the different responses in their metabolism to MI, as has been previously explored in the literature. This current study also pointed out the decrease of metabolism in the infarcted region 48 h after MI, a decrease that has not been previously noted in the literature, but that matches our physiological knowledge of MI.
Contractile elements. Our results related to contractile elements have demonstrated two trends of expression: a shortterm decrease of contractile elements following MI and a longer-term increase of contractile elements following heart stress such as transgenic animals (Fig. 3B) . The short-term decrease in contractile elements seems to indicate an immediate response to stress due to MI; the cells are shocked and dying and have stopped making contractile elements. The longer-term response indicates that the heart eventually increases the amount of contractile elements. The contractile elements repressed in the short term are not identical to those elements induced in the longer term, as will be seen when module 519 is reviewed below.
A review of the literature highlighted that MI, banding (17, 21, 22) , and carrying a transgenic version of CSQ (16, 46) cause the heart to respond with (compensatory) hypertrophy, followed by heart failure. Heart hypertrophy leads to heart failure over a period of time, regardless of the source of the heart stress (5). This known long-term reaction matches the longer-term trend seen in the lower part of Fig. 3B , indicating that this compensatory reaction is the end result of MI. It is also known that the early response to MI is characterized by death of heart tissue, followed later by immune cells clearing the damaged tissue (17, 25) . This matches the decrease in contractile element containing modules in the infarcted region of the MI, where these contractile modules were repressed specifically at short-term time points.
Reviewing the roles the genes of module 519 are known to play can shed light on the biology of the two gene expression trends. The group of genes that was induced in the infarcted region and that is shown in the upper region of Fig. 4 is expressed in a variety of tissues. Many of these genes are expressed in leukocytes, and some are only expressed in immune cells (1, 15, 33, 43, 57, 63, 66, 68) . This group includes genes related to cell adhesion (33, 54, 63, 99) , cell motility (6, 10, 28, 33, 37, 63, 70) , cell division (cytokinesis) (26, 37) , chemotaxis (68) , phagocytosis (1, 33) , and tissue remodeling (15, 43) . This group of genes represents the shortterm response of leukocytes and other noncardiac cells to the death of heart tissue; these cells migrate to the area, clear the dead cardiac cells, and create a scar. This explanation matches the time point in which module 519 was induced, since the immune response is known to begin 2 days after MI (17, 25) . The other group of genes in module 519, shown in the lower region of Fig. 4 , includes genes that were repressed in the MI infarcted region. Most of the genes represent heart contractile proteins (34, 52, 53, 56, 71, 72) . Some of them are known to also be expressed in other types of muscles (71, 93) but typically play a role in the heart (72) . The repression of these genes is expected and probably indicates the damage done to the heart tissue and the subsequent death of cardiomyocytes.
Module 519 contained two groups of genes, each demonstrating a different biological process: initial repression of (cardiac) muscle contractile proteins due to the death of cardiac tissue, as well as reactive induction of cytoskeletal and contractile components related to leukocyte clearance of the damaged tissue, remodeling, and the beginning of scar formation. This demonstrates that modules may include genes belonging to different aspects of a known biological function, where each aspect behaves in a unique manner. Module 519 has a low to medium level of overlap in genes with other modules that were repressed in the short-term reaction to MI. Module 519 also shares a similar level of overlap with the modules in this group, which were neither induced nor repressed in this region. Most of the genes that appear in module 519 as well as in the modules that were repressed in MI are genes related to death of cardiac cells, genes that were repressed in the infarcted region after MI (data not shown).
In summary, Figs. 3B and 4 illustrate the biological reactions to MI-the short-term reaction to the death of infarcted myocardial cells, which includes clearance by leukocytes, and the long-term reaction of scar formation and hypertrophy. Figure 3 also demonstrates the strength and utility of the Module Map method; we have reconstructed part of the biological response to MI using only bioinformatic analysis, which was not based on any a priori biological knowledge of these biological processes.
Heart stress and matrix formation (module 29) . Data from the literature on embryonic development teach us that the heart (27) and the skeletal (32) and the reproductive/urinary (36) systems are all derived and develop from the mesoderm germ layer. Their development includes complex interactions of cells with other cells and with the ECM, interactions that are regulated by multiple cytokines (32, 36, 81) . Since they share the same embryonic origin, it is logical that modules marked as skeletal development may appear in the heart. The osteogenesis imperfecta cases typically show cardiovascular abnormalities. Additionally, some of the connective tissue disorders may involve the heart and valvular tissue (e.g., Marfan's syndrome, Ehlers-Danlos syndrome, and osteogenesis imperfect). We have also recently performed transcriptome experiments to analyze the potential and plasticity of mesenchymal cells and the connection between bone marrow-derived mesenchymal cells, cardiac muscle, and skeletal muscle. The results have showed similarity and differences in expression pattern that confirmed the shared origin of the cells as well as the differences between myogenic and stromal cells (2, 3) . Module 29 is an example of a module that is labeled with functions relevant to bone development but is expressed in the heart. Since the possibility of bone formation in the heart seems unlikely, we went over the genes in this module in depth. When we reviewed the genes in this module we noticed that this module includes genes known to have a role in aspects of heart stress, including tissue remodeling (13) and hypertrophy (58, 88) . Example genes are collagen I and II (5, 95) , fibronectin (42) , Tgfbi (14, 29, 60) , and osteopontin, an important protein in bone (20) that is necessary for heart remodeling (62). Many of the other genes in this module are induced by transforming growth factor-␤ (24, 39, 78) , a very important factor in heart remodeling, hypertrophy, and fibrosis (12) .
In summary, the results presented in module 29 have demonstrated the futility of blindly accepting the bioinformatic results and the utility of the Module Map method in discovering interesting groups of genes that may have unexpected properties. Accepting the bioinformatic results, at face value, without reviewing the list of genes would have led us to the unlikely conclusion that MI causes the heart to develop bone or bone-like properties. However, reviewing the list of bonerelated genes in detail revealed the role most of these genes have in the response to cardiac stress, in addition to their role in skeletal development. The listed genes also included three bone-related genes, Bhlbh2, Runx2, and Ahsg. Bhlb2, also called Dec1, is a gene related to the circadian clock (96) , which is expressed in multiple tissues. It is known to be expressed in the heart of the developing (11) as well as the mature animal (69) . This gene serves as a regulator in multiple pathways including chondrogenic (77) and osteogenic (41) differentiation of mesenchymal stem cells, lymphocyte activation (75) , and cell cycle (51, 75, 89) . It is repressed in atrial fibrillation (49) , but its exact role in the heart is unknown. There are at least two possible explanations for the presence of this gene in the heart: it may be related to a response of the heart cells to stress or to the attempt of the leukocytes to clear the damaged tissue. The other two bone-related genes are more interesting, since they are not normally expressed in the heart. Runx2, also called Cbfa1, is a transcription factor expressed along the development of bone (23, 64) . However, this gene is only known to play a role in the epithelial-to-mesenchymal development (31) and the pathology (30) of heart valves. ␣-2-HSglycoprotein (Ahsg, Fetuin) is a serum protein produced by the liver that is not expressed by the normal heart (19) . This protein inhibits calcification in small blood vessels (58) and may have a role in regulating hypertrophy (82) and phagocytosis (44) . Low levels of fetuin expression have been associated with cardiovascular failure in patients with kidney disease (61, 84, 94) . However, these articles assessed the level of circulating serum fetuin protein. Our research is unique in pointing out the expression of fetuin mRNA in the stressed heart; previous work has shown fetuin expression only by the liver (19) . The expression of these two genes in the heart samples raised interesting biological hypotheses, that Runx2 is involved in heart stress and that Ahsg is produced by the stressed heart. These hypotheses, in turn, raised the following questions: What is the role of Runx2 in the stressed heart? Which cell in the stressed heart produces Ahsg? The specific involvement of these genes is yet unknown. These hypotheses and unanswered questions merit further inquiry, which will require "wet biology" to fully elucidate.
Conclusions
We performed an analysis of expression trends in 700 samples that cover many physiological conditions of the heart. Utilizing the Module Map algorithm we identified 884 modules, which were based on biological functions and correlated to clinical conditions. Observing the trends of gene expression in various modules has demonstrated interesting biological phenomena, some of which were only partially known previously from the literature. One must note that the module creating algorithm had no biological knowledge of the "rules" governing the samples it was given to analyze, and yet biologically valid processes were highlighted when we discussed modules at a variety of levels, from a large group (266 modules) to medium-size groups to single modules, whose expression changes in MI and banding recapitulated the known connection between the immune reaction and remodeling. This was noted only by comparing the general gene expression of the modules, without deeper reviewing of the specific biological processes expressed and their expression levels. Focusing on the general expression of modules related to energy metabolism and contractile proteins demonstrated biologically significant changes in these two biological functions, highlighting the differences between the energy metabolism of the atria and the metabolism of the ventricles, as well as two different trends in the expression of contractile proteins. Reviewing module 519, as an example of an interesting module from these groups, explained the two different expression trends and recapitulated some of the heart's known responses to MI. Thus, the Module Map algorithm correctly reconstructed biological trends and processes, without a priori knowledge of the biological principles of heart failure. Module 29 was interesting biologically, expressing genes that are related to osteogenesis (bone formation), a biological process not directly related to heart failure. The analysis of module 29 highlighted the genes Runx2 and Ahsg, known to be related to osteogenesis but with a so far unknown role in cardiac stress. Viewing this possible new involvement of these genes in osteogenesis raises interesting biological questions, which can be summarized as "What is the additional role of these two genes? Where they are secreted? Which cell secretes them and what effect do they have?
We have demonstrated the power of reconstructing biological phenomena, using bioinformatics to profile of various cardiac physiological conditions. The Module Map algorithm generates hypotheses that were previously unknown and that need further confirmation by additional experiments. The computational algorithm needs to be supported with experimental results, but the computational methods are of undeniable importance in bringing new view and insights to already existing data.
